Background The validity of non-randomized studies using healthcare databases is often challenged because they lack information on potentially important confounders, such as functional health status and socioeconomic status. In a study quantifying the effects of influenza vaccination among community-dwelling elderly we assessed whether additional information on not routinely available covariates was indeed associated with exposure to influenza vaccination and could, therefore, have led to residual confounding in healthcare databases.
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Background The validity of non-randomized studies using healthcare databases is often challenged because they lack information on potentially important confounders, such as functional health status and socioeconomic status. In a study quantifying the effects of influenza vaccination among community-dwelling elderly we assessed whether additional information on not routinely available covariates was indeed associated with exposure to influenza vaccination and could, therefore, have led to residual confounding in healthcare databases.
Methods
We randomly selected 500 persons aged 65 years and older from the computerized Utrecht General Practitioner database. Information on exposure status and on demographics, co-morbidity status, prior healthcare use and medication use was extracted from the database. A questionnaire was used to obtain additional information on not routinely available risk factors [e.g. functional health status (SF-20), smoking status and alcohol consumption]. Missing data from the questionnaire was imputed and multivariable logistic regression analysis was applied to quantify the influence of covariates on the prediction of exposure to influenza vaccination. Within an existing dataset the potential impact of functional health status on the relation between influenza vaccination and mortality was simulated.
Results
We obtained questionnaire data from 365 of 500 (73%) subjects. The model including routinely available data from the database appeared accurate in predicting exposure to influenza vaccination (c-statistic 0.86, 95% CI: 0.82-0.89). Functional health status was the only additional characteristic measured with the questionnaire that was not similar in vaccinated and unvaccinated subjects. However, extending the multivariable regression model with functional health status did not significantly improve the prediction of exposure to influenza vaccination, nor did it affect the relation between influenza vaccination and mortality.
Conclusion
The potential for unmeasured confounding on the association between influenza vaccination and health outcomes as quantified in
Introduction
Non-randomized or observational studies assessing the effects of interventions by definition follow daily medical practice. In the doctor's office, initiated interventions are therefore a result of both physician and patient preferences. Consequently, severely ill patients, i.e. the ones with the strictest indication, are more likely to receive the perceived beneficial intervention as compared to those in better health. This may result in incomparability of prognosis of patients who are exposed and unexposed to the medical intervention and therefore findings may be biased.
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This so-called 'confounding by indication' typically results in an underestimation of the treatment effect. [2] [3] [4] In contrast, 'preventive' or patient-initiated interventions like statin use, low-fat diets or vitamin supplements are more likely to be taken by those with healthy lifestyles. Effect estimates in non-randomized studies pertaining to these interventions are usually artificially increased (so-called 'healthy user bias'). 5, 6 Different methods, notably data analytical tools, have been proposed to control for confounders available in observational studies. 4, 7 Unmeasured confounding, however, cannot be adjusted for in the data analysis. 8, 9 Ideally, therefore, all potential confounders should be measured accurately. Such measurements, however, can become quite laborious and expensive. Many non-randomized intervention studies are based on large existing computerized healthcare databases, containing routinely obtained information on, for example, demographics, prior healthcare consumption and medication use of patients. However, the decision to prescribe a specific intervention in daily medical practice is often also determined by patient characteristics not (routinely) available, such as functional status, smoking or alcohol consumption. Hence, these may act as residual (and unmeasured) confounders.
For example, in non-randomized studies on influenza vaccine effectiveness, routinely available covariates such as age, gender, risk-elevating medical conditions, prior healthcare utilization and prescribed medication are commonly treated as potential confounders, 2,10 since these are related both to the risk for experiencing clinically relevant outcomes (such as mortality or hospitalization) and to exposure to influenza vaccination. 2, 10, 11 Such 'confounding by indication' may dilute the beneficial effect of influenza vaccination or even artificially induce an adverse effect. 5 However, it has recently also been suggested that persons with a lower functional health status (a characteristic not routinely available in healthcare databases) are less likely to receive the vaccine, 12 leading to overestimations of the beneficial effect of influenza vaccination. A confounder is associated with the exposure as well as the outcome under study. If one of these associations is absent the covariate cannot confound the association between exposure and outcome. Thus, absence of an association with exposure indicates no potential for confounding. We, therefore, set out to quantify the association between functional health status and other relevant not routinely available covariates and exposure to influenza vaccination among community-dwelling elderly. Furthermore, we simulated the potential impact of functional health status in an existing dataset on the association between influenza vaccination and mortality.
Methods
Setting
The computerized medical database of the University Medical Center Utrecht General Practitioner Network includes information on approximately 60 000 patients enlisted with 33 General Practitioners. This database contains medical as well as basic demographic information. Diagnoses are coded according to the ICPC (International Classification of Primary Care) system. The system complies with Dutch guidelines on the use of medical data for research purposes and has shown to be valid in influenza vaccine effectiveness studies.
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Study population In The Netherlands, recommendations for influenza vaccination include those aged 65 years and older and specific risk groups (notably those with established pulmonary, cardiovascular and kidney disease) and uptake is around 75%. 10 From the computerized medical database we randomly selected 500 patients aged 65 years and older as of 
Measurement of potential confounders
As in previous healthcare database studies, 2,10,11 we extracted demographic and medical information from the electronic database. Demographic information included age and sex. Medical information included the following classes of risk-elevating co-morbidity based on the ICPC-coding system: cardiovascular co-morbidity [acute myocardial infarction (K75), congestive heart failure (K77), other cardiovascular diseases (K74, K76, K78-K80, K82-K84) or stroke (K90)], pulmonary co-morbidity [lung cancer (R84, R85), asthma or chronic obstructive pulmonary disease (R91, R95, R96)], diabetes (T90), malignancies (B72, B73, B74, D74-77, S77, T71, U75-77, X75-77, Y77) and renal insufficiency (U99). Co-morbidity status was ascertained by the presence of consultations encoded with one or more of the above-mentioned ICPC-codes during the 12 months preceding the influenza vaccination (November 1, 2005 to October 31, 2006). Furthermore, the healthcare consumption (in terms of the number of GP consultations) and medication use in the year preceding the influenza vaccination period were recorded as well as the vaccination status in the previous year (2005) .
All randomly selected subjects received a questionnaire within 6 weeks after the influenza vaccination period in 2006. Within 3 weeks non-responders received a reminder. The questionnaire comprised questions on social characteristics (number of household members, educational level, etc), smoking and alcohol consumption, use of homeopathic treatment, as well as functional status. Functional status was assessed using the shorter form of the RAND-36, the MOS SF-20, which was validated for The Netherlands. 14, 15 This part of the questionnaire consisted of 20 items divided into six domains: physical functioning (six items), role functioning (two), social functioning (one), health perception (five), mental health (five) and body pain (one). All items were combined into one overall score. Possible values ranged from 28 through 82. A higher score on this questionnaire implies a better functional status. Functional status, as derived from the SF-20, has been shown to be related to mortality. 16 
Data analysis
Data were analysed using R for Windows (Version 2.4.1). Information that was missing from the returned questionnaires was assumed to be missing at random (MAR). This was determined by comparing data from patients without any missing value with data from patients with at least one missing value. 17, 18 Missing data were handled using multiple imputation, using the MICE algorithm. 19 Ten imputed datasets were constructed. A baseline table, which was the average of the 10 imputed datasets, was constructed. Based on this baseline table, univariate associations of potential predictors of vaccination status were determined. Predictors with univariate associations with vaccination status (P < 0.15) were included in the multivariable logistic regression analysis.
In the analysis, we distinguished two types of data: data from the electronic patient file (routinely available potential confounders) and data from the questionnaire (not routinely available potential confounders). We developed multiple multivariable models that included different combinations of potential confounders to predict exposure to influenza vaccination. The simplest model included only demographics (age and sex) and the most extensive model based on routinely available variables included demographics, co-morbidity status, prior healthcare utilization and medication use. Each model was then compared with an extended model in which the potential confounders from the questionnaire were added.
On each of the 10 datasets the models were fitted. Based on these results final models were constructed (averaged betas), which were tested on each imputed dataset. 17 Pooled results for each model were then compared using the Hosmer Lemeshow goodness-offit test for the likelihood ratios and by determining the discriminative value of each model (c-statistic). These were corrected for optimism by validating the model in 50 bootstrap samples. 20 Sensitivity analysis was conducted to estimate the size of potential bias by selective non-response. Nonresponse was assumed to be associated either with a high functional health status or a low functional health status. Therefore, health status scores for nonresponders were sampled either from the highest quartile of observed functional health status (i.e. nonresponse assumed to be associated with high functional health status) or from the lowest quartile (vice versa). This was repeated 100 times and results of the analyses were pooled.
The impact of non-routinely collected variables on the association between influenza vaccination and mortality was assessed by means of simulation. For this, the dataset of the PRISMA study was used. 10 In short, the PRISMA study is a nested case-control study among 6676 community-dwelling elderly (age 565 years). Functional health status was simulated such that the association with vaccination status mimicked the univariate association that was found in the questionnaire data. Furthermore, a low functional health status was assumed to increase risk of mortality 3-fold. 12 Within the PRISMA dataset influenza vaccine effectiveness was estimated by logistic regression analysis, adjusting for routinely collected confounders (age, sex, co-morbidity status, medication and prior healthcare use) and additionally adjusting for functional health status as well.
Results
In all, 365 of the 500 (73%) subjects returned a questionnaire. Four persons had either died or moved to an unknown address before sending the questionnaire, and were excluded from the analysis. Vaccine uptake was slightly lower in non-responders than responders, but other characteristics did not differ appreciably (Table 1) . Only 47 of the 365 (13%) questionnaires had missing values for one or more items. Responders with complete data slightly differed from responders with incomplete data, for example with regard to age, sex and the number of prior GP consultations (Table 2) and we imputed the missing data using the known subject data.
Univariate analysis showed that age, co-morbidity status, prior healthcare and medication use were significantly associated with exposure to influenza vaccination. In addition, functional health status was lower among vaccinated [median: 63, interquartile range (IQR): 54-70] than unvaccinated subjects (median: 68, IQR: 61-75). In contrast, smoking, alcohol consumption, use of homeopathic substances, educational level, living situation, ethnicity and type of insurance were not associated with vaccination status (Table 3) .
Since functional status was the only questionnaire variable associated with vaccination status (P < 0.001), we added just this variable to the multivariable models. Five different models were constructed, ranging from a simple model including only demographic information to a model including all medical database information (demographics, co-morbidity, prior healthcare and medication use). The simple model (including only demographics) was moderately discriminative in predicting vaccination status (c-statistic 0.65) and inclusion of the other routinely available covariates in the model increased the discriminative value (c-statistic for the full model 0.86). Additional inclusion of functional health status (or one of the subscales) as predictor of influenza vaccination status did not increase discriminative performance of the latter model (Table 4) . Only the accuracy of the simple models (including demographics or demographics and co-morbidity status) in predicting vaccination status improved by including functional health status (c-statistic increased from 0.65 to 0.66, and from 0.68 to 0.69, respectively). Furthermore, in the extensive models (model D and E) functional health status was not an independent predictor in the multivariable model [b (95% CI): -0.02 (-0.05 to 0.01)]. In the sensitivity analysis of the size of potential bias by selective non-response inclusion of functional health status to the full model (model E) did not relevantly change the discriminative performance. The discriminative performance (c-statistic) of the full model (model E) without functional health status was 0.82 (95% CI: 0.79-0.85, based on 496 observations). When non-response was assumed to be associated with low functional health status or with high functional health status discriminative performance did not appreciably change: c-statistic 0.83 (95% CI: 0.79-0.86) and c-statistic 0.83 (95% CI: 0.80-0.86), respectively.
Within the PRISMA dataset, influenza vaccination reduced mortality risk by 48% [odds ratio (OR): 0.52, 95% CI: 0.38-0.71] after adjustment for routinely collected confounders (i.e. sex, age, co-morbidity status, medication use and prior healthcare use). After additional adjustment for functional health status influenza vaccine effectiveness did not materially change (OR: 0.47, 95% CI: 0.35-0.65).
Discussion
Non-randomized intervention studies are often based on information from healthcare databases. Discussions on unmeasured confounding in such studies frequently focus on patient characteristics, such as functional health status, not routinely available in these databases. 2 Collection of such missing information, however, is often considered too laborious and expensive. Our example study showed that, in nonrandomized intervention studies where extensive and reliable databases are being used (e.g. within the Dutch healthcare system), inclusion of such potential confounders did not improve the prediction of influenza vaccination status. In The Netherlands physicians used to support influenza vaccination especially among those with the highest risk for mortality (e.g. presence of cardiovascular co-morbidity). This is supported by our data, showing a clear contrast between vaccinated and unvaccinated subjects. In non-randomized studies from the United States this contrast is less clear. 2 Therefore, the findings from such studies might be more prone to unmeasured confounding. Importantly, the model including only routinely available potential confounders was already highly predictive of vaccination status (c-statistic 0.86) and the other confounders from the questionnaire such as functional health status appeared highly correlated with the routinely available confounders. Consequently, after adjustment for routinely collected confounders, functional health status hardly changed the effect of influenza vaccination on mortality.
Recently, functional health status was proposed to be an important not routinely collected confounder of the association between influenza vaccination and mortality risk. 12 Lower functional health status was assumed to be associated with lower vaccination rates while at the same time lower functional status is associated with higher mortality rates. Adjustment for functional status in a multivariable model without medical data moved the association between influenza vaccination and mortality towards the null ('healthy user bias'). 5, 12 The authors therefore concluded that the available studies are biased by such unmeasured confounding and suggested the vaccine to be ineffective. Our findings indicate four important messages: first, the multivariable model including extensive routinely available data can adequately predict influenza vaccination status. Second, the distribution of potential confounders not routinely available was often similar in vaccinated and unvaccinated patients. Third, even variables that differed between exposure groups (i.e. functional health status) did not improve the prediction of vaccination status (nor did it affect the relation between influenza vaccination and mortality), and fourth this indicates that much of the information of this latter possible confounder is already captured in the model. Fourth, if the association between functional health status and mortality would be stronger than what we assumed, this would (if any) increase vaccine effectiveness, instead of reducing it (as has been suggested). 5, 12 Similarly, additional inclusion of certain variables in a multivariable model-relating influenza vaccination to clinical outcomes was found not to change the effect estimate for vaccination. 4 Indeed, after inclusion of a limited number of routinely available confounders the effect estimate stabilized and additional inclusion of potential confounders is unlikely to result in relevant changes. 4 Such stabilization of the effect estimate is a strong argument against residual, unmeasured confounding. Prior healthcare consumption was highly correlated with functional health status. In the Dutch healthcare system healthcare consumption can be measured accurately, since each patient is registered with one GP, whose database contains all medical information of that patient. However, in countries with other healthcare systems, functional health status may add information to a multivariable model. Furthermore, other not routinely collected variables than we measured in our study (i.e. other than smoking status, alcohol consumption, etc) may still confound the relation between influenza vaccination and mortality. When subscales of functional health status, instead of sum scores, were included as covariates in the model only inclusion of the subscales 'health perception' and 'body pain' increased the performance of the model. Nevertheless, inclusion of these covariates did not increase the discriminative value of the model. Since health perception is inversely related to both vaccination status and mortality 16 confounding by this covariate would underestimate vaccine effectiveness. Similarly, body pain is inversely related to both vaccination status and mortality and, therefore, confounding by this covariate would underestimate vaccine effectiveness as well.
There was no full response to the questionnaire. If this response was selective, this may have resulted in biased findings. It is possible that functional health status is related to the likelihood of responding to the survey. However, this seems unlikely since functional health status is most probably related to prior healthcare consumption and co-morbidity status. These covariates, however, are well balanced between responders and non-responders (Table 1) . Nevertheless, responders and non-responders differed with respect to vaccination status and prior vaccination status. However, in the total population of 496 responders and non-responders 234 out of 300 prior vaccinated subjects received a new vaccination (78%), while 14 out of 196 subjects who were not vaccinated in the previous year received vaccination in the current year (7%). Among the responders these proportions were similar, 79 and 7%, respectively. We, therefore, believe selection bias will only (if any) have a limited effect on the results of this study. Furthermore, sensitivity analysis of the size of potential bias by selective non-response did not show a change in the discriminative value of the model when non-responders were assumed to have either extremely low functional health status, or extremely high functional health status.
A potential confounder is, by definition, unequally distributed between those receiving and those not receiving the intervention and at the same time related to the health outcome under study. If equally distributed a confounding effect is absent by definition. However, in our study, functional health status was unequally distributed among vaccinated and unvaccinated subjects. Furthermore functional status, as derived from the SF-20, is known to be related to mortality. 16 Thus, functional status is a potential confounder. However, when the information of the potential confounder is already contained in other variables included in the multivariable model, a confounding effect by that variable is not to be expected since addition of this variable will not improve the prediction of exposure status. This is supported by the observation that functional health status did hardly change influenza vaccine effectiveness. We propose to routinely report the predictive (or discriminative) ability (for example summarized in the c-statistic or area under the receiver-operating curve) of observed confounders in predicting exposure status to inform readers about the potential for residual confounders in observational studies. A high discriminative value in predicting exposure status leaves little room for increase by including additional variables, and, thus, for residual confounding. Then, the discriminative ability of observed confounders in predicting exposure status can be a directive in the discussion on unmeasured confounding in observational intervention studies. However, future studies are warranted to further support the validity of this approach.
Our study shows that the discriminatory power of routinely collected confounders (i.e. demographics, comorbidity status, healthcare use and medication use) in predicting influenza vaccination status is already high. Therefore, unmeasured confounding in studies on influenza vaccine effectiveness in which these variables are adjusted for is likely to be very small or absent. 2, 10 Results indicating that influenza vaccination reduced mortality risk, therefore, seem valid. However, since the discriminatory performance was still not optimal, unmeasured confounding might be present. This (probably small) potential for unmeasured confounding can be studied, for example, by using 'off season' data, since outside the influenza epidemic period no effect of influenza vaccination is expected. 2, 21 In conclusion, since non-randomized intervention studies are prone to confounding, information on as many potential confounders as possible should be collected. Therefore, not only information from healthcare databases, but also information on not routinely collected variables, such as functional health status, should ideally be obtained. We believe our study shows this to be feasible. However, if the discriminative value of a model predicting exposure status is already high, the collection of such information does not seem to be worth the effort.
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